This paper introduces a simple methodology to forecast international trade. The main innovation is to calculate non-unitary expenditure elasticities of import demand implied by non-homothetic preferences in the previous year to be further combined with the current change in expenditure to forecast the current imports. Using U.S. data on aggregate expenditure and good-level imports, we test the performance of the methodology in forecasting international imports. The methodology is successful in forecasting not only the Great Trade Collapse and the corresponding recovery period but also the other periods in the sample.
Introduction
During the recent …nancial crisis of [2008] [2009] , the decline in international trade has been more than the decline in domestic expenditure/income, the so-called Great Trade Collapse. Figure 1 shows the corresponding experience of the U.S. economy where the decline in U.S. imports is more than three times the decline in U.S. expenditure. This has been a surprise for the trade literature, since trade and expenditure/income are supposed to move together, mostly according to the unitary expenditure/income elasticity of demand implication based on constant elasticity of substitution (CES) preferences that are commonly used in the literature. This may cause a problem, especially while conducting policy, because the policy makers simply would like to know how trade responds to changes in overall economic activity. Accordingly, in order to explain the deviation of trade from expenditure/income, many studies have focused on alternative approaches to get rid of the unitary expenditure elasticity of demand by considering either multi-sector models with asymmetric spending changes across sectors or models with inventories. Within these studies, Alessandria et al. 1 Based on these approaches, among others, the literature has (mostly) agreed that the collapse in aggregate expenditure, concentrated on trade-intensive durable goods, is the main driver of the trade collapse, although other factors such as inventory adjustment and trade credit have exacerbated the decline in trade.
Although the literature has successfully explained the Great Trade Collapse, it has missed an alternative and relatively easy approach to get rid of the unitary expenditure elasticity of demand;
i.e., relaxing the assumption of CES preferences that imply homotheticity. Such an approach 1 Also see Bems et al., 2013 , for an excellent survey of the existing literature would not only connect the collapse in aggregate expenditure to the reduction in trade through endogenously determined non-unitary expenditure elasticity of demand but also allow us to forecast international trade in a simple way by combining the expenditure elasticity of demand with the changes in overall expenditure. This paper takes this approach by considering non-homothetic preferences.
Within the set of non-homothetic preferences, we consider a constant absolute risk aversion (CARA) utility function of which optimization results in an expenditure elasticity of import demand that can easily be calculated using data only on quantities and prices, without any estimation process. Accordingly, …rst, using data on U.S. imports (including information on both quantities and unit prices) covering the quarterly period over 2000q1-2012q4, we calculate expenditure elasticities of demand for U.S. imports at the good level. Second, for each period, calculated expenditure elasticities of the previous year (at the good level) are multiplied with the current annual percentage change in U.S. expenditure to obtain current (ex post) forecasted annual percentage change in U.S. imports (at the good level). Therefore, two pieces of information are enough for forecasting (the annual percentage change in international trade): the expenditure elasticity measures coming from the previous year and the annual percentage change in expenditure in the current period. We show that the forecasting methodology is highly successful in matching the distribution of the annual percentage change in U.S. imports across goods. We also consider the median behavior across goods to forecast the overall percentage change in U.S. imports. The results are promising: Our methodology can forecast not only the Great Trade Collapse and the corresponding recovery but also the other periods in the sample in a precise way. 2 The results are further supported by several formal tests regarding the forecast performance.
The rest of the paper is organized as follows. Section 2 introduces the data and the methodology (based on the optimization of individual behavior) to motivate the empirical investigation. Section 3 depicts the results and includes relevant discussion. Section 4 concludes.
Data and Methodology
The U.S. imports data are from the US. International Trade Commission (http://dataweb.usitc.gov/)
covering imports from 238 source countries and 1,047 goods at the SITC 4-digit level during the quarterly period over 2000q1-2012q4; the lists of source countries and goods are given in the Online
Appendix. The data set includes (i) the value of imports (including duties and the import charges such as cost, insurance, freight) and (ii) quantity of imports. Accordingly, we calculate import unit values/prices by dividing the value of imports by the quantity of imports; although such an approach to calculate unit prices may be subject to measurement errors at the good level, assuming that such errors are random across goods, the distribution of the forecast performance across goods and at the aggregate level should not be a¤ected. The data we use for overall expenditure (to be denoted by E t , below) are U.S. Retail and Food Services Sales obtained from FRED Economic Data web page (http://research.stlouisfed.org/fred2/).
We assume that a typical U.S. individual has the following utility U t out of consuming goods (each denoted by g) of which varieties at time t come from di¤erent source countries, each denoted by s: 1 t where q g s;t is the quantity of good g imported from country s, g > 0 represents a good-g-speci…c parameter, g s;t represents a source-good-time-speci…c taste parameter, g is the expenditure share of good g in imports, t is the time-varying expenditure share of overall imports, and H t is the composite index of home/domestic goods at time t. As is evident, although individual goods and the composite index of home/domestic goods are connected to each other through a Cobb-Douglas function, the varieties of each good coming from alternative source countries are connected to each other through a CARA function. 
where ' g s;t is source-good-time speci…c and can be calculated, without any estimation process, using U.S. imports data on quantities q details. 4 The derivation of the demand function is given in the Online Appendix. Note that, after assuming that individual source countries have negligible impact on the U.S. price aggregates, the demand function implies the following non- , which changes with the quantity demanded.
In order to obtain good-speci…c expenditure elasticities of import demand in each period (i.e., ' g t ), we simply consider the median of calculated expenditure elasticities of import demand across source countries (i.e., the median of ' g s;t across s's). Once we obtain ' g t 's, we further use their value for the same quarter in the previous year (i.e., ' g t 4 ), together with the annual percentage change in total expenditure (i.e., log (E t ) log (E t 4 )), to forecast the annual percentage change in quantity imported in the current period (i.e., log b q (log (E t ) log (E t 4 )) | {z }
Annual % Change in Expenditure
Therefore, in order to forecast the annual percentage change in U.S. real imports at the good level,
we use information only on the expenditure elasticity of import demand coming from the previous year (i.e., estimation/historical segment) and the annual percentage change in overall expenditure in the current period (i.e., exogenous variables in the out-of-estimation sample). Once we forecast log b q g t log d q g t 4 , we compare it with the actual data on the percentage change in U.S. real imports at the good level (i.e., log (q g t ) log q g t 4 ) which we calculate as the median percentage change in U.S. real imports across source countries (i.e., the median of log q g s;t log q g s;t 4 across s's for each good g).
Finally, in order to forecast the overall percentage change in U.S. real imports, we consider median (across goods) forecasted percentage change in U.S. real imports (i.e., the median of log b q g t log d q g t 4 across g's). We compare these forecasts with the corresponding median percentage change in U.S. real imports data (i.e., the median of log (q g t ) log q g t 4 across g's). 
Empirical Results
This section depicts the empirical results based on the forecast performance of the model. While the next subsection visually checks the goodness of …t at the good level and for the median good (representing the overall percentage change in U.S. real imports), the second subsection provides the results of formal tests regarding the forecast performance for the median good which is essential for conducting macroeconomic policy.
Visual Checks of Forecast Performance
The distribution of good-level forecast results (for the corresponding median countries) are given in Figure 2 as kernel density estimates where we distinguish between the period covering the Great Trade Collapse and the corresponding recovery period. We de…ne the period of the Great Trade
Collapse (the corresponding recovery period) by considering the negative (positive) percentage changes in the U.S. real imports that are equal to at least one standard deviation in absolute terms (i.e., about 10%). 6 The Epanechnikov kernel function is used for the estimation. Regarding the bandwidth selection, in order to have healthy comparison across the considered series, we consider the highest optimal bandwidth of 22.55 in Table 1 that shows the optimal bandwidths for both the data series and the forecasted series using alternative methodologies within the Epanechnikov kernel function. As is evident, in both the Great Trade Collapse and the corresponding recovery periods, the distribution of good-level forecasts on the percentage change in U.S. real imports are matched with the actual data, although the forecasts slightly underestimate both the collapse and the recovery periods. Even though Figure 2 is informative for understanding the distribution of good-level forecasts, it is less useful for macroeconomic policy makers who mostly need an average (across goods) forecast of international trade.
6 Such periods are also depicted in Figure 4 .
Accordingly, we depict the overall forecast performance of our methodology on the percentage change in U.S. real imports in Figure 3 , where the percentage changes in actual U.S. imports and forecasted U.S. real imports are matched (for the median good and source country in our sample), including both the Great Trade Collapse and recovery periods. To provide the reader further details,
we also compare the actual and forecasted percentage changes in U.S. real imports in Figure 4 for each quarter in our sample; the left bottom corner represents the quarters during the Great Trade
Collapse, while the right upper corner represents the period of recovery. As is evident, the results are very promising, because the actual and forecasted data are very close to each other according to the 45 degree line, where the correlation coe¢ cient is about 0:83. It is implied that non-homothetic preferences are highly successful in matching the changes in overall U.S. real imports as well;
nevertheless, for robustness, we achieve several formal tests, below, regarding the overall forecast performance of the model.
The success of the model regarding the forecast performance in Figures 2-4 can be attributed to the consideration of the quantities (of imports) q g s;t that change across source countries. In particular, the expenditure elasticity of demand ' g s;t given in Equation 1 would reduce to unity if q g s;t 's were the same across source countries; this is exactly the implication of models with homotheticity such as the ones that consider CES preferences that are common in the existing literature. However, by considering the implications of non-homothetic preferences (achieved by using CARA utility functions), this paper has shown that the heterogeneity of q g s;t 's across source countries is an important factor that should be considered in forecasting international trade.
Although the distribution ( Figure 2 ) and the median of the forecast performance across goods between the actual and forecasted data, which is an indicator of success for the model, the correlation coe¢ cients range between 0:97 and 0:79 with a median value (across goods) of 0:25. It is implied that di¤erent goods are subject to di¤erent shocks regarding the connection between expenditure and imports, and these shocks cancel each other out when the results based on median or overall distribution of goods are considered (in Figures 2-4) . Therefore, although the model can be used to successfully forecast the overall imports and the distribution across goods, it should be used with caution regarding the forecast of individual goods. It is important to emphasize that this result may partly have been caused by possible measurement errors in prices that we proxy by unit values obtained from the trade data.
Formal Tests of Forecast Performance
This subsection achieves formal tests of forecast performance for the median good (representing the overall percentage change in U.S. real imports) depicted in Figures 3-4 . In formal terms, we de…ne the data of y t as the median of log (q across g's. Accordingly, the model is connected to the data according the following expression:
where b u t represents the forecast errors for t = 1; :::; T with T representing the …nal date in the sample. Since we are using the expenditure elasticity of import demand coming from the previous year (i.e., estimation/historical segment) and the annual percentage change in overall expenditure in the current period (i.e., exogenous variables in the out-of-estimation sample), we are achieving an ex post forecast based on one full seasonal cycle.
We focus on three desirable characteristics based on the forecast performance, namely unbiased-ness, e¢ ciency, and no-pattern-in-residuals. The results based on unbiasedness are given in Table 2, where mean forecast error (mean absolute forecast error) is about 0:013 (0:046) which corresponds to a systematic bias of only about 1:3% (4:6%). A more formal analysis for unbiasedness is also achieved by running a regression of data on the forecast (based on the model) as follows:
where the null hypothesis of unbiasedness consists of a = 0 and = 1. The corresponding results are given in Table 2 , where the 95% con…dence intervals of both and imply that the null hypothesis is accepted with a high R 2 value of 0:689. Therefore, based on alternative statistics and tests, we can claim that the forecast (based on the model) is unbiased at the 5% signi…cance level.
The results based on the e¢ ciency of the forecast are also given in Table 2 , where the error sum squares ESS is about 0.148, while the root mean squared error RMSE is about 0.056. Since RMSE can be used as a measure of standard error for the forecast errors of b u t , we can obtain the residual plot of b u t and its 95% con…dence interval as shown in Figure 5 ; it is evident that almost all b u t 's are within their 95% con…dence interval, which is an indicator supporting no-pattern-in-residuals.
Nevertheless, since the statistics of ESS and RMSE do not mean much without a comparison point, we also consider the coe¢ cient of determination according to the following expression:
which takes a high value of 0:667, supporting the forecast performance. Regarding the e¢ ciency of the forecast, we also consider Theil's inequality coe¢ cient de…ned as follows:
which can take a value between 0 and 1, with T IC = 0 representing a perfect …t and T IC = 1 representing the wrong …t. The results are given in Table 2 , where T IC = 0:305, supporting the forecast performance.
Finally, we consider the mean squared error (as a measure of e¢ ciency) and its percentage decomposition into bias, variance and covariance by using the following expression:
where y t and b y t represent the average values of y t and b y t , respectively; s y = X (y t y t ) 2 =T ;
=T ; and r yb y represents the correlation coe¢ cient between y t and b y t . The results are given in Table 2 where MSE due to the covariance strongly dominates other e¤ects; it is implied that most of the MSE is due to the unsystematic forecasting errors, which supports the forecast performance based on unbiasedness, e¢ ciency and no-pattern-in-residuals.
Concluding Remarks
We introduced a very simple and tractable approach to forecast international trade. The main innovation is to use non-unitary expenditure elasticities of demand obtained by (a type of) nonhomothetic preferences in the previous year, together with data on current expenditure, to forecast current international trade. Using quarterly data on good-level U.S. imports and U.S. expenditure, we tested the performance of this approach in forecasting the U.S. imports. The results show that the forecasted U.S. imports are precisely matched with the actual U.S. imports during not only the Great Trade Collapse and the corresponding recovery period but also other periods in the sample. Although it has been shown that the model can be used to successfully forecast the overall imports and the corresponding distribution across goods, it should be used with caution regarding the forecast of individual goods that are subject to di¤erent shocks.
Regarding implications for policy makers, it is important to emphasize that this paper has considered an ex post forecasting strategy rather than an ex ante one, where the expenditure elasticity of import demand coming from the previous year has been considered as the estimation/historical segment, while the annual percentage change in overall expenditure in the current period has been considered as the exogenous variable in the out-of-estimation sample. Although an ex ante forecast has not been the objective of this paper, it can easily be achieved by combining expenditure elasticities of demand with any forecast/expectation regarding the future economic activity.
The results in this paper should not be taken as a criticism of the existing literature on the 
. Real Imports across Goods
Notes: The percentage change in U.S. real imports has been calculated for each 4-digit SITC good using the median annual percentage change in quantity imported across source countries and quarters considered. In order to have a healthy comparison, the bandwidth of the Epanechnikov kernel function has been set equal to 22.55 in all series, which is the highest optimal number (according to the cross-validation methodology) in Table 1 . 
